The etiology of post-traumatic stress disorder (PTSD) likely involves the interaction of numerous genes and environmental factors. Similarly, gene-expression levels in peripheral blood are influenced by both genes and environment, and expression levels of many genes show good correspondence between peripheral blood and brain tissues. In that context, this pilot study sought to test the following hypotheses: (1) post-trauma expression levels of a gene subset in peripheral blood would differ between Marines with and without PTSD; (2) a diagnostic biomarker panel of PTSD among high-risk individuals could be developed based on gene-expression in readily assessable peripheral blood cells; and (3) a diagnostic panel based on expression of individual exons would surpass the accuracy of a model based on expression of full-length gene transcripts. Gene-expression levels in peripheral blood samples from 50 U.S. Marines (25 PTSD cases and 25 non-PTSD comparison subjects) were determined by microarray following their return from deployment to war-zones in Iraq or Afghanistan. The original sample was carved into training and test subsets for construction of support vector machine classifiers. The panel of peripheral blood biomarkers achieved 80% prediction accuracy in the test subset based on the expression of just two full-length transcripts (GSTM1 and GSTM2). A biomarker panel based on 20 exons attained an improved 90% accuracy in the test subset. Though further refinement and replication of these biomarker profiles are required, these preliminary results provide proof-of-principle for the diagnostic utility of blood-based mRNA-expression in PTSD among trauma-exposed individuals.
Introduction
Post-traumatic stress disorder (PTSD) is a severe anxiety syndrome that is currently diagnosed based on the emergence and persistence of core clinical symptoms including hyperarousal, re-experiencing, avoidance, or emotional numbing for a period greater than one month. Early psychosocial intervention after stress exposure may help reduce some of the symptoms and prevent the development of chronic PTSD (Litz et al., 2002) . However, many individuals initially presenting with PTSD-like symptoms recover spontaneously and do not develop chronic PTSD (McFarlane, 1997) . Thus, identifying which individuals will benefit most from early intervention can be challenging. Despite possible benefits of early intervention and a growing knowledge of the pathophysiology accompanying PTSD, a readily assessable diagnostic biomarker for PTSD has yet to be validated.
Classical descriptions of PTSD pathophysiology have included dysregulation of the hypothalamic-pituitaryadrenal (HPA) axis, but a specific pattern of dysregulation is not consistently observed across studies. Similarly, heightened inflammatory signaling has been reported in some (but not all) contexts (Baker et al., 2012b) . Some have proposed a model of insufficient regulation of inflammatory signaling (Heinzelmann and Gill, 2013 ). Yet, there is an apparent paradox; i.e., the observation that peripheral blood mononuclear cells (PBMCs) from PTSD patients show increased sensitivity to glucocorticoid-mediated suppression of an insitu inflammatory response (van Zuiden et al., 2012b) .
There is considerable evidence that genetic effects, environmental influences, and their interaction play a role in the development of PTSD (Afifi et al., 2010; Koenen et al., 2009; True et al., 1993) . There is a well-established body of clinical literature supporting a link between early life events, previous exposure to traumatic stress, and other psychosocial factors with the development of PTSD (Brewin et al., 2000; Ozer et al., 2003; DiGangi et al., 2013) . Many biological investigations of PTSD have focused on the HPA axis and glucocorticoid receptor (GR) signaling pathways. In a cross-sectional study, Binder et al. (2008) identified an interaction between child abuse history and genetic polymorphisms in FKBP5 (a negative regulator of GR sensitivity) in predicting adult PTSD symptomology among a sample of non-psychiatric medical clinic patients. Mehta et al. (2011) described the association between genetic polymorphisms in FKBP5 and dysregulated neuroendocrine profiles described in PTSD. van Zuiden et al. (2012a) provided evidence that increased GR density is a pre-trauma risk factor for the development of PTSD and that dysregulation of GR density may be associated with an interaction between polymorphisms in the GR gene and concomitant early life stress. Another line of research suggests that genetic variants in corticotropin-releasing hormone type 1 receptor (CRHR1) are a risk factor for PTSD in children who were abused at an early age (Gillespie et al., 2009) . PTSD is thus thought to be a disorder whose development is influenced by multiple genetic and environmental effects that establish a susceptible biological state; this vulnerability may be reflected in gene-expression signatures.
In light of the less-than-absolute heritability of PTSD and the prominent role of environmental factors, the pursuit of static genetic markers alone (e.g., single nucleotide polymorphisms and copy-number variations) likely will not yield a suitable diagnostic biomarker. Gene-expression (i.e., mRNA) levels, which potentially reflect the effects of both heredity and environment, may be better indicators of the aberrant biology underlying PTSD. PTSD clearly is a brain disorder, but assaying gene-expression levels -either acutely or longitudinally -in the brains of living human subjects at risk for PTSD is impossible. Yet, peripheral blood expression levels of many genes are moderately correlated with the expression levels of those genes in other tissues, including postmortem brain suggesting the possibility that peripheral blood gene-expression can be harnessed to construct useful profiles of brain disorders. Previous work by our group and by others has demonstrated that peripheral blood gene-expression provides a useful biomarker signal for a number of neuropsychiatric disorders, including schizophrenia, bipolar disorder, and autism spectrum disorders (Glatt et al., 2009 Tsuang et al., 2005) .
In the context of PTSD, several prior studies identified differences in peripheral blood gene-expression levels between individuals with PTSD and similarly exposed comparison subjects without PTSD (Neylan et al., 2011; Segman et al., 2005; Yehuda et al., 2009; Zieker et al., 2007 ) (see Glatt et al., 2013 for a brief review of these studies). Taken together, these studies suggest that PTSD is associated with alterations in peripheral blood gene transcripts thought to play a role in HPA axis function, glucocorticoid signaling, immune and inflammatory signaling, and metabolism of reactive oxygen species. Consolidating this evidence with the results from a large body of epidemiologic, genomic, and neurobiological studies of the disorder (e.g., Uddin et al., 2010) led us to recently propose a theory of PTSD predicated on dysregulation of immune and inflammatory processes in general, and cellular immunity in particular (Baker et al., 2012b) . We maintain that a variety of specific genetic factors and environmental influences may play a role in producing this dysregulated immune and inflammatory phenotype within different individuals. For this reason, we propose that a blood-based diagnostic biomarker calibrated to detect commonly-dysregulated immune and inflammatory transcripts may ultimately provide the best sensitivity for detecting PTSD within a clinical sample. Our previous work in this domain supports this hypothesis and further proposes that pre-existing dysregulation of immune and inflammatory processes may dispose individuals to develop PTSD at some future time, following exposure to traumatic stress . Another recent publication, examining a large group of Marine Resiliency Study subjects across multiple cohorts, provided strong evidence that predeployment inflammation levels, assessed via measurement of plasma C-reactive protein level, were a strong positive predictor for the development of post-deployment PTSD after controlling for other risk factors (Eraly et al., 2014) .
In the context of this prior work, we report here the results of a pilot study examining transcriptome-wide expression-profiling of pre-and post-exposure peripheral blood samples from individuals with uniquely elevated rates of trauma exposure and PTSD development: participants in the Marine Resiliency Study (MRS) following return from active war zones in Iraq or Afghanistan, as part of an ongoing longitudinal investigation (Baker et al., 2012a) . The objectives of this pilot study were to evaluate the following hypotheses: (1) post-trauma expression levels of some genes in peripheral blood cells would differ between Marines with PTSD and matched comparison subjects; (2) a readily assessable, predictive biomarker panel of the PTSD diagnostic status could be developed based on gene-expression levels in peripheral blood cells; and (3) a diagnostic panel based on the expression of individual exons would surpass the accuracy of a model based on the expression of full-length transcripts of genes. We interpret the results of these analyses in two contexts: (1) as a means of identifying biological functions, processes, pathways, and protein domains whose genomic dysregulation may indicate or influence the development of the disorder; and (2) as an approach to the construction of classifiers that might ultimately assist in the clinical diagnosis of PTSD in such populations.
Methods

Ascertainment and clinical characterization of subjects
The MRS is a prospective study of factors predictive of PTSD among approximately 2,600 Marines in four battalions deployed to Iraq or Afghanistan. The research team conducted structured clinical interviews on Marine bases and collected blood samples and data at four time points: pre-deployment, and 1-week, 3-months, and 6-months postdeployment. Measures collected, including those used in this study, have been described in detail previously (Baker et al., 2012a) .
The principal exclusion criteria were identical to those used for the pre-deployment gene-expression studies . Subjects were excluded if they showed clinically significant PTSD prior to deployment, manifesting in: 1) a pre-deployment PTSD Checklist (PCL) score >44; and/or 2) a pre-deployment diagnosis of PTSD based on the Clinician-Administered PTSD Scale (CAPS). PTSD cases were identified as those subjects who were issued a CAPS-based PTSD diagnosis at 3-and/or 6-months post-deployment. Unaffected comparison subjects were identified as those subjects who, at no time, attained a PCL score >44 and who were not issued a CAPS-based PTSD diagnosis at any postdeployment interview. Among subjects who were included in the full MRS sample and assigned to case or comparison groups based on these criteria, we then selected for analysis 25 male PTSD cases and 25 male comparison subjects based on similar demographics, pre-deployment clinical characteristics, deployment history, and levels of trauma exposure as determined from the combat and post-battle experiences subscales of the deployment risk and resilience inventory (DRRI). The group of subjects selected for this study largely overlapped with those featured in our previous study of pre-deployment gene-expression ; 24 of the 25 PTSD cases and 23 of the 25 comparison subjects within the present study were also featured in the pre-deployment study. The demographic, clinical, and combat-experiential characteristics of the subjects are shown in Table 1 . The two groups were comparable on all demographic and combat-experiential variables. Within both the case and comparison groups, 50% of the subjects had previously been deployed on at least one occasion and the average number of previous deployments was not significantly different between the two groups. Although no subject met diagnostic threshold for PTSD at pre-deployment as determined by either clinician ratings on the CAPS or self-ratings on the PCL, the eventual PTSD cases did have significantly higher clinician ratings on the CAPS at pre-deployment, whereas no significant difference in pre-deployment self-ratings on the PCL were observed
mRNA sample acquisition, stabilization, isolation, and storage
Close collaboration with the Marine Corps and the Navy, which provides health support for the Marine Corps, enabled comprehensive on-site data collection. Clinical interviews and sample blood draw (10 ml) were both performed within 4 h of each other on the same day, 3 months after return from deployment. Specific methods for stabilization, isolation and storage of mRNA samples were described previously .
mRNA quantitation, quality control, and hybridization
Specific methods employed for mRNA sample quantitation and quality control assessment were also described previously . The quantity and purity of mRNA in each of the 50 samples were sufficient for microarray hybridization assay. Two batches of 25 samples each (balanced with PTSD cases and controls) were then assayed on GeneChip ® Human Exon 1.0 ST Arrays (Affymetrix, Inc.; Santa Clara, CA, USA) per the ''Whole Transcript Sense Target Labeling Assay'' protocol (Affymetrix, 2006) using 1 g of total RNA from each sample.
Microarray data import, normalization, transformation, summarization, and quality control
Partek ® Genomics Suite software, version 6.6 © 2012 (Partek Incorporated; St. Louis, MO), was utilized for all analytic procedures performed on microarray scan data. Interrogating probes were imported, and corrections for background signal were applied using the robust multi-array average (RMA) method (Irizarry et al., 2003) , with additional corrections applied for the GC-content of probes. The set of GeneChips was standardized using quantile normalization and expression levels of each probe underwent log-2 transformation to yield distributions of data that more closely approximated normality. As most genes were measured by multiple probe sets (typically one probe set per exon, but sometimes more), summarization of probes took place at two levels: first, probes tagging the same exon were summarized by median polish to arrive at one expression value per exon; second, exons tagging the same gene were summarized by median polish to arrive at one expression value per gene. All probesets were expressed with a signal:noise ratio ≥3; thus, no probesets were excluded from analyses of differential expression. A total of 257,106 probesets were analyzed, mapping to 28,536 whole transcripts and 253,002 exons. Unsupervised clustering of subjects revealed no evidence of batch effects based on scan date. Principal Components Analysis (PCA) of the 50 post-deployment data points identified no outliers; all 50 subjects' data were well within the four-SD ellipsoid on each of the first three PCA dimensions, and deviation among redundant probes located within the same chip was low.
Microarray data analyses
Four independent sets of analyses were performed on the microarray data, as described below. For analyses of covariance (ANVOCAs), nominal uncorrected p-value thresholds were selected in order to generate reasonably sized lists of differentially expressed genes and exons for biological annotation analysis and machine learning classifier construction. Blood-based gene-expression biomarkers of post-traumatic stress disorder among deployed marines: A pilot study 5 (n = 25) and comparison subjects (n = 25). We performed 28,536 ANCOVAs to assess each gene's expression level as a function of PTSD status (case or control), deployment cohort (three levels corresponding to three battalions deployed at different times), age, ancestry (dichotomized as Caucasian or not, as most subjects were Caucasian), and prior deployment status (first or subsequent deployment). Family-wise Bonferroni-correction was applied to the ANCOVA p-values to determine whether any genes reached a genome-wide level of significance. To generate a relatively large candidate-gene list for functional profiling and construction of classifiers, we utilized an uncorrected type-I-error rate for diagnosis in these analyses at 0.01. We then reduced the dimensionality of the resulting list of candidate biomarkers through analysis of annotation-enrichment using the DAVID algorithm (Dennis et al., 2003) to determine if the gene list disproportionately represented any biological ''terms''. Details of the enrichment analysis are described previously . Bonferroni-correction was applied to the p-values obtained in the enrichment analyses of these annotation terms.
Pearson correlations were examined between each gene and the summed score from both DRRI subscales (Combat Experience Scale and Post-Battle Experience Scale), first within the PTSD group, and separately within the comparison group, in order to identify genes whose expression level varied with the degree of combat stress exposure. Family-wise Bonferonni and FDR q-values were used to correct for multiple observations. Among PTSD cases, the genes associated with the 200 most significant correlations were analyzed for biological annotations enrichment using DAVID.
Discovery and replication of gene-based diagnostic predictors
We utilized a machine-learning technique (support vector machine, SVM) to construct, evaluate, optimize, and cross-validate classification algorithms predicting PTSD status based on gene-expression levels at post-deployment for a training subset of our full sample. Training (n = 40) and validation (n = 10) subsets (distinct from those utilized in Glatt et al. (2013) ) were carved from the full sample using pseudo-random selection in order to preserve a similar distributions of diagnostic status, demographic features (age, ancestry), and covariate values (deployment cohort, prior deployments) for both subsets. All analyses for classifier construction were carried out in the training subset and completely independent from the test subset. Using the same panel of factors and covariates described above, 28,536 ANCOVAs were performed; we generated a large list of candidate genes based on a nominally-selected uncorrected p < 0.01. The probes on this list were then supplied as potential predictors in an SVM, as various model parameters and predictor combinations were evaluated to identify the model with the highest accuracy in identifying cases and comparison subjects based solely on the expression levels of a minimal gene set identified by shrinking centroids after two-level nested 10-fold cross-validation. The top-performing model was then deployed on the test subset (5 cases and 5 comparison subjects) to determine its generalizability in accurately predicting case status based on gene-expression levels. (The 10 subjects used for model validation were not significantly different from those in the training set in terms of demographic, gene-expression QC, experiential, or clinical factors; data not shown.)
Identification of differentially expressed exons and their associated biological terms
Within the full sample (n = 50), we examined exonexpression levels utilizing 22,204 ANCOVAs to identify putative alternative splicing differences between individuals with PTSD and comparison subjects. The same factors evaluated in gene-based analyses (PTSD status, cohort, age, ancestry and prior deployment status) were assessed for their main effects and their interaction with exonID as predictors of exon-expression levels; the PTSD status × exonID interaction term was examined as an indicator of putative alternative splicing, cf. (Glatt et al., 2009) . Family-wise Bonferroni-correction was applied to the ANCOVA p-values to determine whether any interaction term reached a genome-wide level of significance. We utilized an uncorrected type-I-error rate of 0.0005 to obtain a candidate gene-list for functional profiling and classifier construction. Enrichment analyses were performed using the DAVID algorithm and were evaluated against a Bonferroni-corrected p-value accounting for the number of terms evaluated.
Discovery and replication of exon-based diagnostic predictors
As outlined above for full-length transcripts under Section 2, we used SVMs to construct, evaluate, optimize, and crossvalidate classification algorithms predicting eventual PTSD status based on exon-expression levels at pre-deployment for the same training subset of our full sample. Using identical subject allocations to training and validation subsets; we first generated a large candidate list of putatively alternatively spliced genes within the training subset (nominal uncorrected p < 0.0005 for the interaction of PTSD status and exonID), using 22,204 ANCOVAs and the same panel of factors, covariates, and interaction terms described above. For each gene on the list, the most significantly dysregulated exon was identified and supplied as a potential predictor in the SVM classifiers. Various model parameters and predictor combinations were then evaluated to identify the model with the highest accuracy in identifying cases and comparison subjects based solely on the expression levels of a minimal exon set identified by shrinking centroids after twolevel nested 10-fold cross-validation. The top-performing model was then deployed on the test subset (5 cases and 5 comparison subjects) to determine its generalizability in accurately predicting case status based on exon-expression levels. the Prism 7900 HT Fast Real-Time PCR system (Applied Biosystems). Statistical analysis was performed using the comparative CT method. All reactions were run in duplicate and normalized against gyceraldehyde-3-phosphate dehydrogenase (GAPDH) and hypoxanthine phosphoribosyltransferase 1 (HPRT1). For one transcript (GSTM1), QRTPCR analysis was repeated with 75 ng cDNA in order to compensate for low signal. The fold change values were compared using independent samples t-tests (p < 0.05).
Validation of gene-expression with quantitative real time polymerase chain reaction
Results
Identification of differentially expressed genes and their associated biological terms
No gene's expression level was related to PTSD status at a Bonferroni-corrected level of significance, which is not surprising given the relatively small sample size and large number of transcripts tested. We did, however, identify 64 probes dysregulated with a nominally significant p < 0.01 in Marines diagnosed with PTSD (Table 2) . Thirty-three of these 64 probes were down-regulated, whereas 31 were up-regulated. Log2 fold-change (FC) of these probes in eventual PTSD cases ranged from 2.00-fold down-regulation to 1.66-fold up-regulation. Among the 64 probes, 59 were recognized pathway participants within the DAVID database; however, no significantly enriched annotations were identified. Exploratory pathway analysis of the differentially expressed genes in Table 2 using the Reactome database also revealed no significant enrichments. When examining geneexpression levels significantly correlated with summed DRRI score, no correlation p-values survived genome-wide correction among comparison subjects. Among PTSD cases, 13,336 correlation p-values survived an FDR correction threshold of 5%. The probesets featured in the 200 most significant correlations were submitted to DAVID for annotation enrichment analysis. The following terms were significantly enriched, with corresponding Bonferroni-corrected p-values: regulation of actin cytoskeleton (5 of 8 probesets down-regulated in PTSD, p = 0.03), nucleotide-binding (17 of 30 probesets down-regulated, p = 0.04), host-virus interaction (6 of 10 probesets down-regulated, p = 0.07), and long-term depression (4 of 5 up-regulated in PTSD, p = 0.08).
Discovery and replication of a gene-based diagnostic predictor
To construct a gene-based classifier and assess its generalizability, we first derived a list of potential classifier transcripts as those probes with a difference in expression between PTSD case and comparison subjects attaining p < 0.01 in a training subsample of 20 cases and 20 comparison subjects while controlling for the same factors and covariates as in analysis 1. This analysis and filtering left 66 probes (Table 3 ) that were then used to build and optimize SVM classifiers. The optimal SVM (identified through two-level nested 10-fold cross-validation with shrinking centroids, cost = 401, tolerance = 0.001, kernel = radial basis function, and gamma = 0.001) comprised just 2 of the 66 starting probes (Table 3 , probes in bold font) and attained 78% accuracy in classifying those individuals with PTSD in the training sample. We then tested the identical 2-gene SVM (with the same parameters, but with no shrinkage or cross-validation) in the remaining test subset (5 cases and 5 comparison subjects), where it yielded 80% accuracy. Among cases, four of five were correctly classified, while four of five comparison subjects were also classified correctly. These values correspond to a sensitivity, specificity, positive predictive value and negative predictive value in the test sample of 80%, 80%, 80%, and 80%, respectively. Expression levels for GSTM1 and GSTM2 are shown for PTSD cases and comparison subjects in Fig. 1 . QRTPCR analysis demonstrated that GSTM2 expression was reduced among PTSD cases, but results were less consistent for GSTM1 (Table 4) .
Identification of differentially expressed exons and their associated biological terms
The interaction of diagnosis and exonID identified putative isoform-expression differences (p < 0.0005) in 63 genes, 11 of which attained Bonferroni-corrected significance (Table 5 ). An example of between-group differences in exon expression for one of these eleven genes (DYNC1LI1) is illustrated in Fig. 2 , where the PTSD cases have significantly lower levels of expression of a single probe corresponding to the fifth exon; this region corresponds to a retained intron, which could account for this pattern of expression difference. The list of 63 genes was analyzed by the DAVID algorithm and Reactome database (Table 6 ). DAVID analysis revealed five significantly enriched annotations (armadillo-like helical domain, macromolecule catabolic process, acetylation, modification-dependent protein catabolic process, modification-dependent macromolecule catabolic process). Analysis using the Reactome database revealed a single enriched pathway (class 1 MHC mediated antigen processing and presentation).
Discovery and replication of an exon-based diagnostic predictor
To construct an exon-based classifier and assess its generalizability we first identified potentially differentially spliced exons within our training subsample of 20 cases and 20 comparison subjects based on the diagnosis-x-exonID interaction term, using a nominal threshold of p < 0.00005, while controlling for the same factors and covariates as in the analyses above. For genes displaying more than one dysregulated probe between diagnostic groups, we selected the probe with the most significant between-group difference in expression level based on the p-values from planned comparisons. This analysis and filtering yielded 56 exons with expression differences between PTSD cases and comparison subjects ( Table 7) that were then used to build and optimize SVM classifiers. The optimal SVM (identified through two-level nested ten-fold cross-validation with shrinking centroids, cost = 401, tolerance = 0.001, kernel = radial basis function, and gamma = 0.001) comprised 20 of the 56 starting probes (Table 7 , probes in bold font) and attained 100% accuracy in classifying those individuals in the training sample with PTSD. We then tested the identical 20-exon SVM (with the same parameters, but with no Fig. 1 Microarray-derived expression levels (ordinate) of summarized exon probesets reflecting whole-transcript expression levels (abscissa) of glutathione S-transferase mu 1 (GSTM1) and glutathione S-transferase mu 2 (GSTM2) in peripheral blood mononuclear cells from PTSD cases (n = 25) and comparison subjects (n = 25). These transcripts were notably down-regulated among PTSD cases within the full sample (fold changes −1.58 and −2.00, respectively) and were identified as the sole components of the optimal performing SVM classifier of diagnostic status, which achieved 80% accuracy in the test subset (n = 10; 4 of 5 cases correctly identified).
shrinkage or cross-validation) in the remaining test subset (n = 10; 5 cases and 5 comparison subjects), where it yielded a diminished but reasonable 90% accuracy (higher than the accuracy observed in gene-based analyses). All PTSD cases were correctly classified, while four of five comparison subjects were classified correctly. These values correspond to sensitivity, specificity, positive predictive and negative predictive values of 100%, 80%, 83% and 100%, respectively. QRTPCR analysis of seven exons in the classifier failed to detect significant differences in expression levels between PTSD cases and comparison subjects (Table 4) .
Discussion
There is emerging support for the hypothesis that peripheral blood transcriptomic signatures associated with PTSD involve dysregulation of genes that function in immune and inflammatory processes or their regulation To this picture we add new and compelling pilot data suggesting that dysregulation of genes whose proteins function in the management of cellular oxidative stress may also be clinically useful biomarkers for distinguishing PTSD cases from trauma-exposed subjects who are resilient to PTSD.
Fig. 2
Microarray-derived expression levels (ordinate) of individual exon-probes (abscissa) of dynein, cytoplasmic 1, light intermediate chain 1 (DYNC1LI1) in peripheral blood mononuclear cells from PTSD cases (n = 25, squares) and comparison subjects (n = 25, triangles). The interaction of diagnosis and exon ID was highly significant (p = 6.7E − 07, Bonferroni-corrected p = 1.4E − 02) owing to the selective down-regulated of an exon (probeset ID 8086013; p = 0.019) in the context of comparable expression levels of all other exons. D.S. Tylee et al. Yet, dysregulation of genes with immune-, inflammatoryand antioxidant-activity is probably only a small piece of the biological puzzle of PTSD pathophysiology, as many of the differentially expressed genes, as well as the exons comprising the best-performing PTSD-diagnostic classifier, were apparently unrelated to these functions; these other genes had highly disparate functions. Collectively, profiles of dysregulated genes in immune, inflammatory and other pathways may serve as potent biological indicators upon which diagnosis and early intervention may ultimately be based. The present study demonstrates proof-of-principle for the construction of blood-based PTSD diagnostic biomarkers that ranged in accuracy from 80 to 90% in a small subset that was held completely independent from classifier construction.
It is important to note that these classifiers employed decision-rules based solely on mRNA expression levels. To our knowledge, our group is among the first to employ datadriven (SVM) modeling on a list of differentially expressed transcripts in order to identify a subset of transcripts that were most predictive of PTSD status. These two strategies may be useful for identifying exons, genes, and pathways that play a role in the etiology of PTSD, but that may have been overlooked by other approaches focusing on well-established candidate genes. If these profiles of mRNAexpression differences in PTSD cases can be further refined and replicated, and if SVM-based models are found to perform reliably in larger or more diverse populations, then this study proposes an avenue for early diagnosis among trauma-exposed individuals, potentially fostering earlier intervention. However, it is likely that a more accurate classification model can be constructed in the future by taking into account additional known risk factors for PTSD, such as family history, personality traits, pre-existing mental disorders (Koenen et al., 2003a,b) , peri-traumatic dissociation and post-trauma social support (Brewin et al., 2000; Ozer et al., 2003) , non-genomic biological markers available in the MRS dataset (Baker et al., 2012b; Eraly et al., 2014) , and other factors not necessarily related to gene-expression.
The present study did not account for many of these preand peri-traumatic risk factors, but future efforts to construct diagnostic models should seek to incorporate such data. Nevertheless, a single diagnostic classifier of PTSD (no matter how precisely constructed) may never perform with 100% accuracy, which is why it will be essential to pursue (in larger samples) the characteristics of subjects for whom such a classifier does not work. Of equal interest is the possibility that there are two or more unique biomarker profiles that are diagnostic of the same phenotypic outcome. In fact, etiologic heterogeneity may be a hallmark of complex disorders including PTSD, so it may not be possible to identify a single ''one-size-fits-all'' biomarker profile. In the future, methodologies that facilitate the identification of distinct biomarker profiles associated with the same phenotype may be required in order to account for etiologic heterogeneity in PTSD and other complex disorders. Another distinct possibility is that for some cases of PTSD there is no blood-based biomarker signature to be found. We are currently investigating each of these possibilities further. It is also important to acknowledge that the present study did not account for possible effects of pharmacological therapy (e.g., anti-depressants, anxiolytics, and antipsychotics) or Blood-based gene-expression biomarkers of post-traumatic stress disorder among deployed marines: A pilot study 13 other treatments on post-deployment gene-expression profiles. Five of the 25 PTSD subjects reported using at least one psychiatric medication at the time blood samples were obtained, while none of the comparison subjects reported psychiatric medication use. It is plausible that betweengroup differences in medication use could account for some of the gene-expression differences observed between these groups. In order to account for this possibility, we performed a separate ANCOVA comparing non-medicated PTSD subjects (n = 20) and comparison subjects (n = 25). The removal of medicated subjects from the PTSD group produced only minor changes in ANCOVA fold-change values for the genes of interest; the average difference in fold-change value was <2%. Previous genome-wide expression studies have addressed this issue by using samples from PTSD subjects who were not currently medicated (Zieker et al., 2007; Yehuda et al., 2009; Neylan et al., 2011) . Other studies have not explicitly address medication status (Mehta et al., 2011; Segman et al., 2005) . However, if the ultimate goal is to develop gene-expression-based diagnostic classifiers that are robust to real-world variability, then the inclusion of medicated subjects may be valuable. Future studies should attempt to account for medication status and statistically control for its effect on gene-expression in order to identify genes that are specific to PTSD pathophysiology.
Because of our relatively small sample size and the severe corrections for multiple-testing required when examining the entire transcriptome, we did not detect individual gene-expression differences in PTSD cases that surpassed stringent criteria for declaring statistical significance. As such, the focus of our efforts and interpretations has been on groups of genes, either in regard to their biological annotations or their collective ability to identify PTSD cases. Nevertheless, one gene identified here as dysregulated has been identified previously in studies seeking to identify blood-based diagnostic biomarkers for PTSD. Prior to rigorous correction for multiple observations, Neylan et al. (2011) reported up-regulation of GSTM1 in PTSD cases, whereas we observed down-regulation of GSTM1 in PTSD cases. It is plausible that differences in subject characteristics or study design could account for the discrepant findings. Neylan et al. (2011) found increased GSTM1 expression in PTSD subjects compared to a non-trauma exposed control group. Perhaps these discrepant findings could make sense in the context of a model where increased GSTM1 expression reflects an adaptive response to traumatic stress and the attenuation of this response disposes some trauma-exposed individuals to developing PTSD., These studies also differed with respect to the time-span between disease onset and blood sample collection. Remarkably, GSTM1 and GSTM2 were identified as the lone predictors within a diagnostic classifier that achieved 80% accuracy in the test subset, and the down-regulation of GSTM2 was confirmed by QRTPCR. In previous work, we observed down-regulation of GSTM1 among these same subjects in samples taken prior to their deployment and the development of clinically significant PTSD symptoms; GSTM1 expression levels were also part of a pre-deployment predictor of subsequent PTSD diagnosis . Members of this enzyme class function in the detoxification of electrophilic compounds -including carcinogens, therapeutic drugs, environmental toxins and products of oxidative stress -by conjugation with glutathione. Down-regulation of genes whose proteins are responsible for the metabolism of reactive oxygen species (ROS) was also observed in lifetime PTSD cases with current symptoms (Zieker et al., 2007) . The apparent link between ROS metabolism and PTSD may make more sense in light of previous in vitro studies demonstrating redox regulation of intracellular GR signaling. Specifically, reduced expression of antioxidant protein or direct administration of ROS negatively modulated GR signaling and resulted in reduced expression of glucocorticoid-induced genes; this effect could be rescued by the administration of antioxidant compounds (Makino et al., 1996; Okamoto et al., 1999) . It is also interesting to note that other groups have found associations between GSTM1 polymorphisms and other brain disorders, including schizophrenia (Gravina et al., 2011; Rodriguez-Santiago et al., 2010) , bipolar disorder (Mohammadynejad et al., 2011) , and alcohol withdrawal symptoms (Okubo et al., 2003) .
Despite our relatively small sample size and the additional levels of correction for multiple-testing required for exon analyses, a number of differentially expressed exons surpassed stringent criteria for declaring statistical significance. Additionally, the exon-based predictive classifier appeared to perform better than the gene-based predictive classifier. Taken together, these data support our previous findings , suggesting that exon expression (indexing the activity of individual splice variants) may be more reliable and biologically informative than the expression of full-length ''genes'' or aggregated transcript clusters. Yet, we could not successfully recapitulate these array-derived results by QRTPCR, so further validation attempts must be made. Two of the dysregulated exons we identified by array analysis are components of genes DDX17 and FAM175B, which have been identified as differentially expressed in previous PTSD biomarker studies. Yehuda et al. (2009) observed up-regulation of DDX17 among PTSD cases. Sarapas et al. (2011) observed down-regulation of FAM175B among current PTSD cases, but not lifetime PTSD cases or trauma-exposed comparison subjects. It is also curious to note that the list of alternatively spliced transcripts was enriched for acetylation-dependent protein catabolism and acetylation-regulated proteins more generally. Emerging evidence indicates that the acetylation of amino acids within non-histone proteins plays a role in regulation of cell metabolism (Choudhary et al., 2009; Yang and Seto, 2008) . If the differentially expressed exons in PTSD are found to contain acetylation-dependent regulatory domains, then it is plausible that the PTSD proteome may be abnormally (hypo-or hyper-) responsive to acetylation.
It is interesting to compare the results of the present pilot study with our own previous work examining pre-deployment gene-expression profiles associated with subsequent development of PTSD after return from deployment , as many of the same subjects (24 of 25 cases, 23 of 25 comparison) were featured in both studies. A number of whole-gene transcripts appeared dysregulated both prior to deployment (in those who would later develop PTSD) and after deployment (in current PTSD cases). AIM2 and EPSTI1 were up-regulated in both analyses (i.e., at both pre-and post-deployment), while RPL10A and GSTM1 were down-regulated in both analyses; these may reflect stable markers for PTSD vulnerability. Alternatively, they could have been dysregulated at pre-deployment assessment because pathophysiogical changes had already begun among these subjects, many of whom had previously been deployed to war zones (or because of other unmeasured factors, such as early adversity). LRTM2, on the other hand, was down-regulated in pre-deployment samples, but upregulated in post-deployment samples; this may reflect a maladaptive change or a compensatory yet ultimately ineffective change. Additionally, one putatively alternatively spliced transcript was identified in both pre-and post-deployment analyses. For MGAM, a similar pattern of dysregulated exon expression was observed in both analyses, with PTSD cases showing increased expression of several probes and the largest expression difference observed in a probe (8136700) spanning the 23rd and 24th exons. This may also reflect a stable marker for PTSD vulnerability.
The present pilot study broadens the search for diagnostic biomarkers for PTSD beyond that of previous work. Several studies have compared genome-wide transcriptional profiles between PTSD cases and controls, but to our knowledge, very few transcripts have been identified as dysregulated across studies using independent samples. Two studies with overlapping sample pools reported reduced expression of FKBP5 among current PTSD cases (Sarapas et al., 2011; Yehuda et al., 2009) . A third study by Mehta et al. (2011) reported that the interaction of PTSD status and FKBP5 genotype (rs9296158) was associated with dysregulation of FKBP5 expression. Pre-deployment expression levels of FKBP5 were also shown to independently predict post-deployment PTSD symptoms (van Zuiden et al., 2012a) . In the present microarray study, diagnostic status was not associated with differences in FKBP5 expression, suggesting a need to further consider heterogeneity in PTSD etiology. As discussed above, GSTM1 was originally identified as up-regulated among PTSD Please cite this article in press as: Tylee, D.S., et al., Blood-based gene-expression biomarkers of post-traumatic stress disorder among deployed marines: A pilot study. Psychoneuroendocrinology (2014), http://dx.doi.org/10.1016/j.psyneuen.2014.09.024 cases by Neylan et al. (2011) , but was found to be downregulated prior to deployment among US Marines who would later develop PTSD and down-regulated among current PTSD cases within the present analysis, which utilized many of the same subjects as Glatt et al. (2013) . Also discussed above, the present study was the second to implicate DDX17 and FAM175B transcripts. The paucity of overlapping findings across studies may be accounted for by a number of factors, including the high risk for Type 1 error inherent when the number of subjects is small and statistical correction for multiple observations is inadequate. Other factors could also contribute to discrepant findings, including differences in trauma exposure (military combat, catastrophic event), sample type (PBMC vs. whole blood), the timing of sampling with respect to trauma exposure and disease onset, or differences in PTSD treatment effects across studies.
Comparing annotation-enrichment results across studies provided no additional consensus on the nature of geneexpression dysregulation in PTSD; we performed DAVID and Reactome analyses on individual transcript lists provided by each of the reviewed studies (Mehta et al., 2011; Neylan et al., 2011; Sarapas et al., 2011; van Zuiden et al., 2012a; Yehuda et al., 2009; Zieker et al., 2007) , but few studies demonstrated significant enrichment of terms and no common terms were observed across studies. However, when these transcript lists were combined with the present data to create a single list, significant enrichment was observed for a number of terms related to cytokine signaling, lysosomal activity, and other immune-cell activities (Table 8 ). It is apparent that genes involved in cellular immunity are reliably and disproportionately represented among those that are dysregulated in PTSD cases. This is supported by a large body of evidence for dysfunctional cellular immune processes in individuals with PTSD, which we recently reviewed in depth (Baker et al., 2012b) . Our review of the collective evidence suggests that systemic inflammation and deleterious health consequences in PTSD are strongly linked. Given this evidence, treatment strategies to reduce inflammation or modulate cell-mediated immunological processes may be of value to pursue in preclinical models of PTSD.
In conclusion, as the development of PTSD following initial trauma exposure remains quite variable and unpredictable, we sought to identify readily assessable biomarkers to aid in early diagnosis based on evaluations of bloodbased gene-expression among Marines participating in the MRS. Our analyses converged on a diverse group of genes and exons that appeared to be differentially expressed in peripheral blood cells from individuals with PTSD. Reduced expression of two genes involved in ROS metabolism were predictive of PTSD diagnostic status, while altered exon expression within a larger and more heterogeneous group of transcripts also predicted the PTSD diagnosis with apparently high accuracy. If blood-based biomarkers (such as the panels of genes and exons identified here) can be validated in additional cohorts exposed to a wider variety of traumatic stressors, then they may serve as useful adjuncts to the prevailing gold-standard behavioral diagnostic systems (Brewin, 2005; Ozer et al., 2003) . Enabling clinicians to more confidently diagnose PTSD at earlier stages would be particularly important in groups such as these Marines, for whom it is known in advance that exposure to serious trauma is highly likely. This may also prove highly relevant for first-responders, such as police, fire, and emergency medical teams, for whom a regular part of their job is also exposure to potentially traumatic situations. Furthermore, blood-based biomarkers may help clinicians identify instances of determination of fitness for duty so that support services and limited resources can be made available to those individuals with the greatest need.
